Needle biopsy is an important and common procedure for lesion detection or tissue extraction within the human body. Physicians conducting such procedures rely primarily on the sense of "touch" (kinesthetic feedback from needle) to estimate the current needle position and organs within its vicinity. This skill takes time to acquire and mature, often by biopsies on live patients. Medical residents and fellow trainees thus have limited opportunities both in terms of real life scenarios as well as testing platforms to develop and validate their skills. This paper focuses on building a biopsy simulator for training on virtual phantoms (using both visual and force feedback) and cross validation using a real physical phantom. In order to develop a virtual-haptic model of biopsy phantom, material testing experiments were conducted to obtain motion-force profiles from an instrumented 6-DOF robot platform serving as a needle driver. The measured force-displacement data was then used to develop three types of haptic models for the phantom to calculate the force feedback for the haptic device. Neural network based models provided a more accurate force-reflection model compared to the other two methods from the literature and will form the basis of the virtual phantoms within our framework.
INTRODUCTION
Medical training has followed a time-tested apprenticeship model: "see one, do one, teach one" [1] , with procedural techniques practiced on mechanical models, animals, cadavers, volunteers, and patients. The drawbacks of these modes of training include the lack of realism of mechanical models, animals' lim- * Address all correspondence to this author. ited pathology and dissimilar anatomy, the lack of physiological response and altered tissue properties of cadavers, and the obvious ethical and safety concerns associated with the use of live humans [2] . An even greater drawback of all approaches remains the lack of quantitative assessment of performance (and skill) which has spurred the development of various forms of computer based training simulators.
Needle biopsy is one such important surgical procedure for lesion detection or tissue extraction in which a needle is inserted into the desired spot on the human body and tissues are extracted from the interior organs (like liver, lung, spine, kidney etc.) for examination of probable infection or presence of diseased cells. The needle insertion procedure is difficult to perform due to the presence of many critical organs under the skin, tissue deformation, target region uncertainties, needle bending and lack of complete visualization [3] and the expert physicians are known to rely on the kinesthetic feedback from the needle to identify the surrounding tissues [4] .
Hence, there is a clear need for a computer-assisted simulator that is helpful for training, guiding as well as planning the needle insertion strategies for inexperienced trainees. Presently, incorporating haptics feedback in the surgical training simulators is gaining popularity [5, 6] . However, the development of such simulation systems providing appropriate haptic feedback requires accurate modeling of soft tissues [7, 8] and its interactions with surgical tools [9] which is highly complex and computationally intensive.
Though several standard material models exist, developing physics based computational models for real-time applications is limited by the complexity as well as current computing capabilities and this gap do not seem to close even in the near fu-ture. Hence, the main focus of this work is to develop haptic force-displacement models to simulate in real-time for use with needle biopsy simulators. This development is examined specifically in the context of deriving controlled force-displacement data from a standard biopsy phantom (called Blue Phantom T M , refer Fig.1(a) ). The experiments were conducted using a 6 DOF testing machine [10] that is attached with a 6 DOF force transducer. Development of such a haptic model could then facilitate testing of trainees with either the (i) real phantom (or) (ii) virtual phantom interchangeably using our simulator framework. In order to accomplish this, it was considered desirable to use a learning-based nonlinear approximation method, namely, radial basis function network (RBFN) in tune with our previous work [11] . However, the original framework was extended to develop automated data-driven haptic models on-the-fly using the tissue phantom measurement data and use it to simulate virtual biopsy phantoms. Though our primary goal is to demonstrate the capability of RBFN to develop real-time approximation models based on the experimental data, different approximation models from the past literature were implemented to highlight their limitations and benefits of our nonlinear approximation method. (used mainly for Pediatric Training) (b)Stereotactic Biopsy Phantom [13] The rest of the paper is organized as follows: Section II discusses past work relevant to needle insertion, simulator training and tissue modeling aspects. Section III presents a description of the experimental setup used to collect the force-displacement data. The framework of the surgical simulator is discussed in section III. A discussion of the methods used to develop nonlinear haptic models based on experimental data is provided in section IV with the corresponding results. Finally, we conclude with a discussion of current status and future goals.
Literature Review
Percutaneous needle biopsies play an important role in diagnosis and treatment of multiple disorders and diseases like cancers etc [14] . The Accreditation Council for Graduate Medical Education (ACGME) program expects fellows to achieve competency in biopsies of both autologous (native or in-situ) and transplant kidneys [15] . In addition, there are also other requirements for resident fellows to demonstrate their general competency relevant to biopsy. Conventional biopsy training involve use of physical phantoms (as shown in Fig.1 (a) & (b) ) on which the residents practice with biopsy needles and ultrasound transducers. The major limitations posed by these methods are limited practice opportunities and duration as well as lack of tools to quantitatively indicate the progress of the trainees.
In such a scenario, the innovative state-of-the-art surgical simulators are worthwhile to teach surgical tasks through repetitive proctored challenges [16] that will enable detection and analysis of procedural errors and near miss incidents without risk to patients. Hence, the design and quantitative assessment of diagnostic biopsy training program is important for delivery of highquality care. Further, due to significance of the sense of "touch" in improving biopsy skills of trainees outlined earlier, there are greater benefits to provide haptic-based training with a reliable assessment method to improve and evaluate their overall proficiency. However, biological tissue in general is nonlinear, anisotropic and viscoelastic [17] and therefore, increases the modeling complexity tremendously for implementing simulations in such trainers. Simplified (spring-mass-damper or lumped parameter systems) or linear finite element models are still the preferred methods for real time simulations for surgical trainers [2] . The diversity of surgical simulators is in part due to the differing methods for handling tissue simulations. Considerable research has also been done in comparing the haptic effects between such simplified methods and nonlinear models to mainly illustrate the discrepancy between these methods [18] [19] [20] , both experimentally as well as computationally. To curtail such discrepancies within the limits or to match the ideal tissue behavior, learning and adaptive algorithms for tuning springdamper parameters were adopted to match the nonlinear tissue characteristics [21, 22] . Several other groups also conducted material testing experiments (ex vivo or in vivo) on soft tissues to characterize materials based on measured force-displacement data [23] [24] [25] . Such studies were mainly aimed to parameterize the material behavior (obtained either by experimental or simulation results) using standard material models as much as possible which may rank higher compared to linear models but faster in computation than nonlinear finite element models.
In the past several needle insertion experiments with biological tissue specimens (chicken breast [26, 27] , eggplant [28] , porcine organs [29] [30] [31] etc.) have been carried out. One of the claimed reasons for conducting such studies was to prove that working with these tissues provide similar kinesthetic feedback as that of humans. Some studies have also examined the effects of needle bending, tissue deformation, needle reaction forces and bevel tip angle [32, 33] to understand the underlying physics. A detailed survey of similar needle insertion studies and simulation can also be found in [4] . However, in all these cases, none of the force reflection or material models were intended to create the realistic and real-time haptic effects. Interestingly, the data driven haptic models have gained attention among several groups recently as in [34, 35] which needs special attention.
In this work, the BluePhantom T M [12] was purposely selected to serve as a template for simulating virtual phantoms whose response characteristics are considered to be closely similar to that real human tissues. Nevertheless, the intention is to demonstrate the approximation capabilities of RBFNs for this physical phantom which can then be trivially extended to human tissues in the future. Moreover, the benefits of using this phantom are manifold including: (1) to provide a traditional training environment to the fellows (2) to enable uniform simulator testbed for comparison and skill assessment (3) to simplify experimental protocols at the same time ensuring the nonlinear response of these phantoms. Hence, the material-haptic models derived from these phantoms can be used at the haptic device end for realtime simulations. In addition, the material characteristics of the virtual model are easily tuneable and result in a customized test platform for biopsy training to simulate "hard" to "soft" tissues and lesions. Such models will eventually become useful to create various "what-if" testing scenarios for trainees in the future which otherwise may not be easily achievable.
The SIMBiopsies Training Simulator
This work is being carried out in the context of creating an immersive Augmented Reality (AR) SIMBiopsies Training Simulator Kiosk [36] (see Fig.2 ) for capturing quantitative assessment of motions and forces (of novitiates and experts) as they perform selected biopsies. SIMBiopsies is intended to allow systematic gradation of training and can serve both as an educational tool for beginners and a practice tool to develop expertise as well as to prepare for complicated 3D needle biopsy procedures in the future. We intentionally selected an established biopsy phantom (the BluePhantom T M ) for both the virtual and physical studies to facilitate comparative studies of user performance (and skill). The AR environment allows users to be presented with realistic sensorimotor stimuli during the commission of a biopsy with seamless quantitative measurement of their responses within a carefully-controlled environment.
(a) (b) The key element of this system is the high-fidelity haptic device (HD 2 ) [37] attached to biopsy needle which is retrofitted with force-transducers and motion capture markers. Both the cameras and haptic device are interfaced with a multirate realtime (200 Hz-2000 Hz) data-acquisition environment. The simulator is equipped with a Windows XP PC, 3 GHz Core 2 Duo processor, 2 GB RAM with a graphical user interface. The update rate is 10 KHz for the haptic simulation and 30 Hz for display. The complete haptic device control architecture was developed in MATLAB/ Simulink and the visualization module is created using VRML toolbox. The virtual representation of phantom was created in CAD software -SolidWorks and converted into a triangular mesh (VRML format). This simulator is also incorporated with a sensorized needle attached to the haptic device probe with force transducer as well as tactile sensors. These sensor elements aid in recording the needle reaction forces as well as forces exerted by the surgeons as they conduct biopsies. In addition, the motion capture cameras are placed around the haptic simulator to estimate the needle as well as trainees' hand motions and stream the data in real-time that enables to capture Haptigrams (motions and force profiles) while training on AR-SIMBiopsies simulator in two modes:
1. Physical Interaction Mode: The trainee can use the needle to perform biopsies directly on the physical BluePhantom T M phantom as shown in Fig.3(a) . The ability to transparently monitor user-performance (without having to computationally simulate the haptic response) is a benefit but this approach is expensive in terms of consumption of biopsy-phantoms. 2. Haptics/VR Simulation Mode: In this mode, the users operate using the needle (haptic device probe) on the virtual phantom with haptic feedback as shown in Fig.3(b) . Virtually reproducing the realistic 'feel' (haptics) of the biopsy needle passing through different materials offers promising and cost-effective means to safely and methodically train clinicians to perform various biopsy training. Haptic effects were then implemented by the force reflection models (using the methods discussed in the next section) as the user drives the haptic probe (virtual biopsy needle) into the virtual phantom. The main blocks of our haptic simulator system and direction of information flow is shown in Fig.4 .
Experimental Testbed
The material characteristics of the BluePhantom T M were determined by performing a series of needle insertion experiments. For this purpose, a 6-DOF robotic platform as in [10] , equipped with a 6 DOF force-torque transducer (ATI Delta) is used that served as an effective material testing system (MTS) as shown in Fig.5 . The resolution of the force transducer as well as platform translation is summarized in this graph and found to be suitable for our application. A standard 18 gauge core biopsy needle was mounted on the hexapod and using the MATLAB/Simulink interface, controlled motions were imparted to the needle to get in and out of the tissue phantom. Since, motions in any spatial DOF can be provided, to restrict the resulting complexities in the final analysis, only a small subset (specifically two sets) of motions were allowed, namely -(1) trapezoidal and (2) sinusoidal motion profiles with increasing amplitudes and time periods ( Fig. 7(a & b) ). The resulting reaction forces in each case as the needle pierces through the phantom at various depths were measured and shown below. Taking into account of depth of the phantom at different points, the input amplitude was constrained to lie between 25 mm to 35 mm (which is explained by the range of the ordinate). The nominal velocity to drive the needle was estimated using motion capture of surgeons operating the needle into BluePhantom T M as approximately 4 mm per second. A set Figure 5 . Force-Displacement curves for material characterization of biopsy phantom obtained using systematic parametric sweeps using an instrumented 6-DOF robotic system of experiments were then carried out at each of the location on the physical phantom (as shown in Fig.6 ) to collect all the required data. At each point on the phantom the needle was driven through this cycle twice for different depths and transducer data was recorded at each time step at the rate of 10 KHz for this entire parametric sweep of study. Fig.7(a) . A dwell period was necessary to relax the phantom material in the region near the path of the needle as well as to dampen out the needle vibrations if any. As needle is inserted into the phantom (time = 10 s), the force along the needle increases in the negative direction (until time = 17.5 s). When the needle is in dwell period (held constant at the maximum depth into the phantom from time = 17.5 s to 65 s), stress relaxation behavior can be observed by exponential decay of the needle reaction forces. Following which, when the needle is retracted, the magnitude of force tends to zero and overshoots to a positive value at some arbitrary time in between and eventually comes to zero when the needle is completely out of the phantom (at time >72.5 s). When needle insertion and reaction forces are plotted in x and y axes respectively, curves plotted in Fig.8 will be obtained.
Sinusoidal Motion: This type of input motion does not have
any dwell period and hence, stress relaxation is less prevalent in this case. This type of input is mainly used to study the velocity dependent components of the system and essentially model the frictional force contribution [32, 38] . It is necessary to ensure that a constant portion of phantom is in contact with the needle throughout this experiment for each set of measurement cycles. In this study, we used sine wave of different frequencies and corresponding data were collected as shown in Fig.7(b) .
Material Characterization
We examined three different methods for fitting the forcedisplacement measurements with a mathematical model and identified the model parameters in each case. The first two methods were discussed in previous literature and our reimplementation is mainly intended to benchmark our efforts. Our primary focus remains that of the nonlinear approximation of the forcedisplacement data using RBFNs.
Polynomial Fit [23](Method A):
In the first method, the material characterization was done simply by fitting the response with a second order polynomial function using least 
The averaged response of a set of data points is plotted in Fig.8 for which the coefficients was determined as in Table 1 . The corresponding fitted response for the known range of displacements is given in this figure by blue and red lines. It can be seen that the model predicts the both insertion and retraction forces accurately at constant velocities for the phantom. However, the limiting issues in this case are -the needle retraction was not considered and more importantly, generalizing this model to a wide range of inputs for the same material is almost impossible. 
Constitutive Modeling and Fitting Approach [32] (Method B):
The needle reaction forces are found to be comprising mainly of three main components: (1) stiffness force (2) friction force (3) cutting force. The stiffness force results from elasticity of the tissues as needle moves through the phantom and continues to contribute to the overall force until retraction and this was obtained using a quadratic polynomial fit which is 
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similar to insertion model approximation in Method A. The friction force experimental data (refer to Fig.9 ) was modeled using Karnopp model and the corresponding coefficients for a sample data set of the biopsy phantom were determined as in Table 2 . For most part of our experiments, the needle insertion velocity of 4 mm per second was adopted and so it only results in static friction (since it is less than the threshold velocity band limit of +/-5 mm per second). The cutting force is the force component required to pierce through the tissues and has been found to be 0.729 N on average. Thus, the resulting overall force-reflection model can be obtained as in Fig.10 . the approximation model [39] . Moreover, a learning based nonlinear approximation method was desirable to accurately capture the complex tissue responses and hence, RBFN clearly fitted into our needs to model the force-reflection characteristics of biopsy phantom. Detailed description of steps involved and relevant mathematical derivations are already discussed in one of our prior works [11] and hence, only the main steps are illustrated in the Fig.11 .
As with previous cases, experimental data measured from different profiles were input to this method. In order to account for nonlinearities due to frictional forces that results due to needle motions along opposite directions, a separate RBF network was used for needle insertion and retraction. The process of RBFN computation relies predominantly on optimizing the network parameters such that their cumulative response of individual neural unit results in improved approximation compared to the results obtained in earlier methods. During the learning phase using a given subset of recorded experimental data, the RBFN parameters were optimized using extended Kalman filter to determine best functional approximation. The optimized RBFN was then completely tested against remaining data-sets. The approximations that were obtained for different constant needle insertion velocities are shown in the Fig.12 and Fig.13 while for a candidate sinusoidal input profile is shown in Fig.14 .
Dicsussion
The approximation models obtained using the nonlinear fitting (Method C) method can predict the needle reaction forces across different needle insertion depths and velocities as compared to the polynomial fit (Method A) whose parametrization is valid only for a particular combination of needle insertion depth and velocity or the constitutive modeling approach (Method B) which does not capture the complete nonlinear response during needle insertion/retraction accurately. In addition, compared to Method B, RBFN is shown to capture the nonlinear characteristics more effectively. The accuracy of the model-approximation in the case of Method C is also a function of the error thresholds, initial guesses for network parameters and EKF parameters Input Data:
Check Error Thresholds |x i − µ j | < ε min |y i < f(X)| < e min |RMSerror| < e rms Add a node to existing RBFN
Single-step network parameter optimization using Extended Kalman Filter
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N: number of nodes in the RBF network j: index for RBFN node i: index for input data point w j : weighted vector or scalar for each node µ j : location of each RBFN node σ j : diagonal elements of covariance matrix in RBFN nodes and the optimal values for the approximation can be obtained only by manually tuning these parameters which is one of the major limitations of this method. Even though accuracy of the response model suffered due to these factors, clearly this method is capable of generalizing the model response over the entire range of motions for which the corresponding input-output data were included during the learning phase as shown in the plots, Fig.12-14 . The resulting RBFN model therefore were considered suitable for use in the biopsy simulator to provide haptic feedback. Thus, the primary objective of determining an accurate needle insertion-retraction model capable of running in real time for a desired range of velocities and needle insertion depths were addressed using RBFN method. However, significant improvements over the preliminary results are possible and will be worked upon.
Conclusion and Future Work
Thus, the physical biopsy phantom material was experimentally studied and parameterized to formulate the haptic model for the biopsy simulator. As can be seen, the experimental setup we developed can be used to record forces and torques in all the three directions. Since torques can also play a significant role in needle insertion applications, it is planned to make use of these unused data to develop more accurate and realistic haptic model of the phantom. Future studies to evaluate these models quantitatively using error analysis is already underway. Further, to improve the overall accuracy of this method, more powerful optimization methods are sought after which will also be a part of our future work. Currently, this simulator is setup to determine quantitative characteristics of surgical trainees as they work through the virtual phantom experiments with cross validation possible against real physical phantoms. Establishing well-defined and relevant quantitative parameters to monitor the skill levels of such practitioners will be a useful tool and is being pursued. Validating this simulator framework with physicians and medical experts is also underway to establish its applicability for the training programs. Future studies will also include the comparative analysis of material characterization between different tissue samples.
